Abstract
Introduction

21
Ever since its first introduction in the late 2000's (Z. Wang, Gerstein, & Snyder, 2009), RNASeq has 22 been a useful way to determine transcriptome-wide gene expression levels. RNAseq data are 23 sequenced cDNA reads from transcripts that can be aligned to a reference nucleotide dataset. By 24 counting the aligned reads, gene expression levels are calculated. This technique has the advantage 25 over other gene expression analysis methods, such as microarrays, that no a priori knowledge about 26 the dataset is required, which makes single nucleotide variant analysis or novel transcript discovery 27 possible. RNAseq is also a useful method for differential gene expression analysis in non-model 28 organisms, for which little transcriptomic or genomic data is available. However, RNA-seq analysis 29 requires a reference dataset to align the reads to. This dataset can be a high quality genome or a 30 reference transcriptome. 31
There are two ways to assemble a reference transcriptome. The first method is reference-32 based, which is done by performing an alignment of the cDNA reads to a reference genome of high 33 quality. The assembly can be done quickly, using reasonable computational power and the 34 transcriptome will be of high quality as long as the genome is of high quality. For transcriptomes of 35 organisms without a reference genome, there is the second method: a de novo transcriptome 36 assembly for which no reference data are required. The most commonly used de novo transcriptome 37 assembler is Trinity (Haas et al., 2013) . This tool uses de Bruijn graphs to construct contigs from 38 overlapping cDNA reads (Grabherr et al., 2011) . However, a de novo assembly requires high 39 computational power and its quality is difficult to assess, because of the lack of reference DNA or RNA 40 data to compare it to (Li et al., 2014) . Sequencing errors can greatly alter the assembled 41 transcriptome, which thus induces errors in the differential gene expression analysis (Marchant et sequence of a chimera remains in the assembly, the reads of these transcripts are assigned to the 77 chimera, which likely alters the observed level of expression. In addition, novel transcripts discovery 78 can be complicated by chimeric sequences: 1) chimera can be mistaken for unknown transcripts 2) 79 annotations of new transcripts can be difficult when a contig is composed from multiple transcripts. 80
Removing these chimeras can be a complicated task, because it would require a full transcriptome 81
annotation. This annotation then would have to be screened for genes with double annotations and 82 even then, there is no guarantee that chimeras can be located. 83
We developed a pipeline that is specifically aimed to filter out chimeras to reduce false-84 positive gene discovery and false-negative differentially expressed genes. To achieve this goal, we 85 focused on three research aims: 1) to develop a method to assess a de novo transcriptome, 2) to use 86 the quality assessment to improve the transcriptome assembly, with specific focus on the removal of 87 chimeric sequences, 3) to make the method as broadly applicable as possible, and to make it as easily 88 applicable as possible. The method of quality assessment and quality improvement is incorporated in 89 an easy to use pipeline with optional user customizability. The pipeline is named after Bellerophon, 90 the hero in Greek mythology that slayed the Chimera. Using Bellerophon to target and remove 91 assembly errors is a useful addition to the short list of transcriptome quality improvement tools 92 currently available. 93
94
Materials and Methods
95
The Bellerophon pipeline To benchmark the performance of Bellerophon, a set of 500 chimeras was created by randomly 129 selecting two sequences from the H. subflexa RNA-seq dataset. These sequences were combined by 130 randomly choosing a percentage between 30 and 70 percent overlap and concatenating the 131 sequences in these proportions. The newly generated chimeras were placed with the other contigs in 132 the assembly. This process was repeated five times. Each assembly with created chimeras was 133 subjected to the Bellerophon pipeline. To test if a significant percentage of chimeras was removed by 134 each step, we compared it to the mean percentage of sequences that was removed by the same step 135 using an unpaired t-test followed by a Bonferoni correction.
b) Validation using real assembled chimeras in isoform rich contig groups 137
Trinity uses an algorithm to find possible isoforms, which occasionally produces more isoforms than 138 actually occur in vivo. This makes groups of isoform-rich contig good candidates to search for chimeric 139 sequences. The ten contig groups with the highest number of isoforms were selected and Blasted 140 against the non-redundant protein database (NR), using the BLASTX algorithm (E-value cut-off: 10 melanogaster transcripts was defined through the "fpkm_to_counts" and the "create_read_numbers" 151 functions of polyester, using the expression values of the contigs from our assembly of the H. subflexa 152 female pheromone gland as input. The reads were generated using the 153 "simulate_experiment_countmat" function. These reads were assembled using Trinity (Grabherr et  154 al., 2011). Assembled contigs matching less than 5 reads were removed. To determine which 155 assembled contigs were chimeric and which were not, we blasted the assembled transcriptome 156 against the reference D. melanogaster transcriptome (blastn, ID percentage cut-off: 90%; e-value cut-157 off: 10). Contigs matching more than one transcript from the reference transcriptome were 158 considered chimeric. Contigs matching exactly one were not. 159
Results
161
Validation of filtration of computationally generated chimeras
162
Out of the total of 500 computationally created and added chimeras to the input assembly, the 163 pipeline removed 485 ± 3.06 chimeras, i.e. 97.04% ± 0.61, of these created chimeras, which was a 164 significantly higher percentage than other sequences that were removed of the input assemblies 165 (69.89% ± 0.03) (unpaired t-test followed by a Bonferroni correction, df = 1, adjusted P value = 166 5.83x10 -6 ). Figure 2 shows a flow diagram, displaying the flow of chimeras throughout the experiment. 167
In detail: 1) TPM filtering discarded significantly more chimeras than other sequences (95.72% ± 0.78 168 vs 60.77% ± 0.00 respectively, P = 5.82x10 When selecting for the filtering order, the RSEM (TPM) filtering step was observed to be the step of 219 the pipeline removing a higher percentage of chimeras than other sequences. This is probably because 220 lowly expressed transcripts have less read evidence, and are thus more prone to assembly errors. 221
Furthermore, chimeric sequences are bound to share read mapping with other contigs of the 222 assembly and as such might appear to be lowly expressed. As this first step removes many chimeras, 223 the performance of the following steps may be reduced because the leftover chimeras may be more 224 difficult to identify. The low number of chimeras discarded by CD-HIT-EST might be explained by the 225 fact that the benchmark-chimeras were randomly selected. CD-HIT-EST works by clustering transcripts 226 based on their sequence identity. The chance of a transcript made up of two randomly chosen 227 transcripts that are 95% identical to another transcript is very low. In the benchmark experiment 228 focusing on assembled chimeras in isoform rich contig groups, the final TransRate-C step of the 229 pipeline did not seem to remove any chimera. The transcripts from these groups presumably belong 230 to one gene family, while a large number of isoforms is created by Trinity. Probably, fewer reads 231 aligned to the false isoforms than to the real isoforms, so that the false isoforms had a low overall 232 expression, increasing the likelihood that the isoforms were removed by RSEM than by TransRate-C 233 runs after RSEM. Our observation that running TransRate-C before running RSEM decreased the 234 number of chimeric isoforms in the benchmark set from 74 to 18, removing 56 chimeras, confirms this 235 suggestion. 236
A good comparison between different available tools, i.e. KisSplice, DRAP, RSEM-EVAL, 237
TransRate and Bellerophon, is difficult, because there are great differences in used datasets between 238 the different studies. Overall, the number of chimera that we found is much higher than those found 239 in other studies. 
